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Methods
We demonstrate both the potential for bias and an option for improved stove inference by applying to household air pollution a technique used elsewhere in epidemiology, propensity-score matching (PSM), based on a stoves-and-health survey for China (15 counties, 3500 households).
Results
Health-relevant factors (age, wealth, kitchen ventilation) do in fact differ considerably between the households with stove improvements and those without. We study the resulting bias in estimates of cleaner-stove impacts using a self-reported Physical Component Summary (PCS). Typical stoves-literature regressions with little control for non-stove factors suggest no benefits from a cleaner-fuel stove relative to a traditional biomass stove. Yet increasing controls raises the impact estimates. Our PSM estimates address the differences in health-relevant factors using 'apples to apples' comparisons between those with improved stoves and 'similar' households. This generates higher estimates of clean-stove benefits, which are on the order of one half the standard deviation of the PCS outcome.
Introduction
Several studies link health risks with biomass energy use. 1 Most rely upon indirect measures of exposure, e.g. the fuel or stove used, for dose-response relationships. [2] [3] [4] [5] [6] [7] [8] [9] [10] It is difficult to track an individual's exposure, though it may help to know of behaviours that affect pollutant exposure for any given stove and fuel used (such as one's typical location relative to where cooking occurs) or to know about environmental variation relevant to exposure (e.g. local outdoor air pollution).
Another critical issue when assessing the impact of any cookstove improvement on health is that improved stoves may not be distributed randomly. We show this may be easier to address. Non-randomness could arise from government allocations of stove improvements to poorer or to politically connected or to high-pollution areas. Household choice can also drive the distribution. [11] [12] For instance, those who like to stay nearer to their cooking may be more willing to invest in stoves.
Non-random distribution can bias estimates of the health impact of stove improvements. Health-relevant characteristics can differ between households with and without improved stoves, confounding inference. For instance, those receiving improved stoves could be poorer and, thus, when lacking controls for the effect of income on health, it is easy for the estimated impact of the stove to be biased down. Such differences can be addressed when estimating clean-stove impacts if a study collects data on characteristics associated with both health and those who receive the stove.
Recent efforts to address such non-randomness include randomized controlled trials. [13] [14] [15] Our results suggest benefit from randomization in reducing the bias when estimating the health benefits of interventions like improved stoves. [16] [17] [18] Yet, randomization is not always possible. However, by demonstrating that data describing those with and without improvements do help, we also suggest a way to improve impact estimates if randomization did not or will not occur.
Methods Interventions
In the early 1980s, the Chinese government funded multiple programmes for stove improvements, including a National Improved Stove Program (NISP) 19 and others focused on cleaner stoves. 20 They included subsidies to households that depended on the stove and county. The NISP, for instance, supported 860 counties (of 2126 in China) with a first phase (until 1992) subsidizing dissemination. Counties had to apply and then were chosen based on criteria including energy shortages and the willingness to share the cost burden. This overlapped with other programmes. NISP's second phase (1990-95) replaced subsidized stove distribution with incentives to rural energy industries. This overlapped with a programme started by the Ministry of Health in the 1990s to improve kitchens, e.g. in ventilation, in poor regions to target fluorosis. NISP's third phase included a response to the 1998 flooding of the Yangtze River. The Yangtze River Valley Environmental Protection Project was intended to reduce soil erosion by supporting reforestation in the region and it included promotion of improved stoves and coal to reduce fuel wood demand.
Data collection and measurement
We use a cross-sectional survey of $3500 households in three provinces of China (Shaanxi, Hubei and Zhejiang) collected during 2001-03. 19 It includes adult health outcomes (ages 518 years), household demographics, fuel use and stove use by type and characteristic. We focus on stoves used primarily for cooking, as they generate most exposure to air pollutants: traditional biomass stoves (16%); improved biomass (47%); coal (32%); and clean-fuel (6%). Traditional biomass (TB) and improved biomass (IB) use wood, crop residues or dung. IB have at least a flue and a grate, whereas Clean stoves include electric, liquified petroleum gas or biogas. In terms of poor health outcomes, these stoves have been ranked: Coal, TB, IB and Clean. 21 Self-reported health outcome We analyse a measure of self-reported general health which is based upon 12 questions about physical and mental distress, the 'SF-12'. 22 We use the Physical Component Summary (PCS), an index based on the answers. The SF-12 is relatively easy to add to a standard household survey, as it does not require additional measurement techniques. A natural concern is that self-reports are subject to measurement error though recent work correlates them with a suite of illnesses. [23] [24] [25] The questions in the SF-12 aim to elicit a sense of physical and mental distress. We focus on the physical distress in constructing the PCS, which has a standardized score from 1 to 100. 22 Scores better than 50 indicate above-average health, whereas lower than 50 means below average. The standard deviation (SD) of the PCS index is 10, which facilitates the interpretation of the index.
Statistical methods

Regression average treatment effect
We begin with regressions like in the stoves literature that estimate average treatment effect (ATE). We include indicator variables for the stoves plus relevant covariates such as kitchen ventilation, measured by kitchen openings, as well as the presence of an additional open-air kitchen. 26 Time near to the cookstove is captured by the number of minutes spent cooking in a given day. [8] [9] 27 Characteristics that influence health, such as age (continuous or as 26-40, 41-55 and 455 years, with 18-25 years as the reference category), gender (indicator for male), income (continuous or as an indicator for over 12 000 Yuan), asset wealth (indicators for owning a washing machine and for owning a television) and whether one smokes are included. Finally, we use indicators for one's region (provinces or smaller counties) to control for unobserved influences that are common for everyone in the region in question but can vary across larger areas, e.g. variable county policies. Table 3 presents five regressions of this sort. The first includes all of the users of all four types of stoves in our sample, with stove indicators (IB, Coal, Clean; TB is the reference) plus the household and individual covariates. The second regression adds province indicators, and the third replaces those with county indicators. The fourth regression follows the third but limits the sample to the Clean and TB stove users in the counties with sufficient numbers of each of those to compare. The fifth extends the fourth. For additional control for the influences of covariates, the continuous variables (age, income, cooking time) are included as linear and quadratic terms. We focus on the health impact of Clean versus TB stoves, the same comparison as in matching.
Interacting treatment with covariates
For two different reasons, we are interested in whether the stove impact varies with covariates. Methodologically, if impact does vary then matching's estimates of average treatment effect on the treated (ATT) can differ from the ATE (the average effect in the whole sample) if the stove distribution is non-random. For health policy reasons, we may care about the effects on specific subpopulations (e.g. young/old, rich/poor). Thus, within the regression results of Table 3 , we also interact the treatment indicator with all the covariates:
, where T and x refer to the treatment and covariates and X is the sample average for x (we bootstrap this interaction regression 1000 times in order to compute Table 3 standard  errors) . 28 This implies estimated stove impacts which vary by observation, permitting calculation of various averages.
The ATE is simply , the average of those varied estimates across the full sample, whereas ATT focuses on the covariate space where stove improvements went (averaging impact estimates over the treated ob-
). Sixth and seventh regressions in Table 3 report average impacts for the observations within two of our age categories, to compare the younger with the older, as only age's interaction with the stove treatment consistently has lower P values.
Using treatment propensity Our final regression estimates provide a bridge between our regressions and our matching effort by using as a weight for each observation a summary index of all of its covariates, the propensity to be treated or probability that given those covariate values, a given household receives a stove. This is produced by first estimating a probit regression for whether a Clean stove was received, using our covariates. For instance, wealth might raise or lower the chance of receiving a stove. The predicted probabilities of being treated, for each individual, are referred to as 'propensity scores'. Eighth and ninth regressions in Table 3 use those as weights, thus focusing inference on the covariate space where improved stoves were provided. The ninth regression also includes in the covariates the linear and quadratic terms included in the fifth regression, as additional controls.
Propensity score matching Propensity Score Matching (PSM 29, 30 ) is typically used to estimate the average treatment effect on the treated (ATT) accounting for non-random treatment by comparing households with Clean stoves (treated) to the 'most similar' users of TB stoves (untreated). Matching has been applied in health [31] [32] [33] [34] but has not been applied within stove evaluation. Our goal is to demonstrate that it could help significantly to reduce bias in estimated stove impacts due to nonrandom stove allocation.
PSM uses the propensity score to measure similarity across the households. We compare the households with Clean stoves to the TB households with the most similar propensity scores. For those two groups, the matching ATT equals:
where: H is outcome; t and u indicate treated and untreated; N is the number treated, i.e. number of Clean stove users; w represents the number of times that an observation in the untreated or control group has been matched and n is the number of untreated controls that is used to match with each treated case. Table 4 presents 10 variations upon this approach, i.e. five for each of two specifications distinguished by using covariates either as in most of Table 3 (Specification A) or with the linear and quadratic terms for age, income and cooking time (Specification B). We present the results from these matching comparisons but also discuss the impact estimates from regressions, using only the treated and matched untreated observations, that further control for covariate differences between the treated and matched untreated groups, which remain even for the most similar pairs.
For each of the two specifications, Table 4 presents five matching variants. First is the kernel approach that uses all of the untreated cases but places higher weight upon the untreated with most similar propensity scores. This has the worst balances, i.e. the EVALUATION BIAS, STOVES AND HEALTH least similar matches. We focus then on four variants of nearest-neighbour matching, comparing just a few most similar untreated observations with each treated case. The second and seventh rows use the two best matches (i.e. m ¼ 2) whereas the third and eighth rows use the three best matches. The latter provides more data but the additional untreated match is less similar. The fourth and ninth rows add to the second and seventh, a 'caliper' to drop the treated cases for which there are no untreated case with a propensity score within 0.1, whereas the 5th and 10th rows apply the same approach for a refinement upon the third and eighth rows.
Results
Initial differences in stove users Table 1 shows stoves are not used equally across counties. TB stoves are not present in a number of counties but in three counties they make up over 70% of the stoves. IB stoves, over 75% in eight counties, are not in Yanchuan or Hancheng (the latter has almost all Coal). Clean stoves are not present in some counties but amount to 17% of the stoves in Changyang as well as 31% of the stoves in Kaihua. We address these differences. Table 1 also shows county averages for observed individual and household characteristics. The youngest age category varies from 25% to 450% of the sample and the oldest goes from <10% to over 33%. Across counties, the fraction earning over 12 000 Yuan varies from 1% to 85%. Concerning ventilation, the fraction with a single kitchen opening varies from <5% to 460% and the same is true for the fraction with more than two kitchen openings. Based on these important variations, we believe controlling for county could matter empirically. In addition to differences in observed characteristics and in stoves used, that are discussed above, there may also be unobserved characteristics that vary across counties and which matter for health. Table 2 conveys success in constructing similar groups to compare, in terms of not only the counties but also all of the other observable factors. It reports the means for the treated, the untreated and the matched untreated using the two most similar matches (i.e. second row specification in Table 4 ), as well as the absolute standardized differences of the means plus tests for differences in means.
Matching reduces differences
The higher P values for the differences in the means of the matched untreated and treated shows that matching moved towards 'apples to apples' comparison. Standardized differences fall for most of the covariates and for a few that rise, often the initial differences are small. 35 Looking at the counties, the P values are quite low to start for three of four, then rise a lot with matching.
Perhaps the most meaningful such reductions in differences are for ventilation and income. Pre-matching, the treated or Clean households have less kitchen ventilation, as seen in the higher fraction with one kitchen opening and lower fraction with more than two openings. Clean stove owners also have lower average income which, like fewer kitchen openings, could mask gains from the stove. These differences bias downward Clean impacts as less healthy people use Clean. Matching greatly reduces these critical differences, as seen in the considerably higher P values. One other important difference is reduced but from a starting point with the opposite bias. Clean stove owners are considerably younger before matching, which unlike the income and the ventilation differences could bias estimates in typical regressions towards a finding of benefits. Since matching reduces this difference, the effect of matching below is not due to this influence. Table 3 presents regression estimates of the health impact of Clean stoves relative to TB stoves. Every column includes the covariates, and the variations in additional efforts to control for the potentially confounding influences of non-stove factors are indicated. Comparing the second and third specifications with the first confirms the importance of regional controls, as the impact coefficient rises and the P value falls considerably just from adding the indicators.
Clean stove impacts
Given the apparent importance of counties, within Tables 1 and Table 3 columns (1)-(3), the fourth and fifth specifications restrict the sample to those counties with sufficient numbers of both Clean and TB stoves to permit comparison. The fifth specification adds non-linear (i.e. linear and quadratic) terms for continuous age, income and cooking time. As within columns (1)-(3), the increases in controls again both raise the impact coefficients and lower the P value, more than doubling the stove-impact coefficient from column (3) and more than halving P values, e.g. down to 0.05 within column (5) .
Sixth and seventh specifications in Table 3 introduce another form of additional controls, i.e. the interactions of treatments with characteristics, yielding an impact estimate for each observation. As only age's interactions dependably have low P values, columns (6) and (7) show average impacts for 36 ) indicates the difference between these subsample means as a fraction of the square root of the average of the sample variances in the treated and non-treated groups. To allow for heterogeneous treatment effects, the Clean stove indicator is interacted with each of the observable covariates that we include here.
EVALUATION BIAS, STOVES AND HEALTH
d
To reflect which groups were actually treated, i.e. received Clean stoves, here we weight all observations using the probability of being treated.
households in two age categories. They are similar and are somewhat higher than column (5)'s estimate. These no longer represent the whole sample in columns (1)- (3) or whole restricted sample in columns (4) and (5), whereas columns (8) and (9) return to the full restricted sample using propensity-score weights to focus on the covariate space where the Clean stoves went. All of columns (6)-(9) have higher impact coefficients and lower P values even than column (5), demonstrating that increasing controls raises impact estimates. Table 4 furthers that trend with matching to better achieve 'apples to apples' comparisons, albeit for the covariate space where Clean stoves went, i.e. the most similar owners of TB stoves. As noted, (01) and (06) have the worst balances, coming least close to good Clean-TB matches, whereas the balance for (02) is good ( Table 2 ) and those of (03)-(05) are quite similar to (02). That supports a summary of Specification A as significant impact coefficients ranging around 4. We note that even for good average balances, as in Table 2 for (02), individual matched pairs are not identical, so we also run post-matching Ordinary Least Squares regressions, using only the treated and matched untreated observations. They support a summary of Specification A as coefficients around 3.5. Table 4 's Specification B increases the controls further by matching on the linear and the quadratic terms for continuous age, income and cooking time. In this case, the m ¼ 2 specification (07), like (06), does not do well in balancing asset indicators of wealth, whereas the m ¼ 3, i.e. (08), has good balances of covariate means, as in Table 2 , and (09) and (10) are similar. These suggest the summary of Specification B as impact coefficients ranging around 5, and adding the post-matching Ordinary Least Squares (OLS) regressions supports the summary of Specification B being coefficients 44.
Discussion
We demonstrated significant potential for bias within a typical stove regression analysis due to limited controls for confounding influences of non-stove factors (here, Clean stove owners were poorer and had worse kitchen ventilation, biasing the estimates). This has implications for public health research in terms of both data collection and study design.
For example, this suggests the value of randomization of stove treatments if it is feasible, since that should eliminate any association of treatment with other factors that influence health. Recent studies have made this point and in a few places have randomized stove interventions, [13] [14] [15] [16] [17] [18] yet there is significant ongoing debate on pros and cons of randomized control trials (RCTs) [37] [38] [39] and our sense is that this is not now the dominant approach within the whole stoves community.
Our results from greater efforts to control in regressions and from moving into matching also suggest significant value from investments in data collection to permit increases in controls. Increased household surveys alone can reduce confounding influences upon estimated impacts. Matching will not always change results and we have shown it is not the only approach to this. Further, matching is not a panacea, of course. Estimates may suffer from omitted variable biases, though difference-in-difference matching estimators with panel data can control for individual-specific, stable characteristics correlated with covariates but unobservable to the researcher. Putting these results and implications in context, the strengths of this study are our novel approach for the stoves literature, a large sample size and the availability of important covariates within the data set. Limitations include the use of cross-sectional data and just a single season, as well as an inability in our data to identify and try to control for effects of being a passive smoker. Summarizing, despite data limitations we believe the potential for significant bias in the typical stove regressions has been demonstrated, as has the value of various increased efforts to control.
